Regulatory cis-acting variants account for a large proportion of gene expression variability in populations. Cis-acting differences can be specifically measured by comparing relative levels of allelic transcripts within a sample. Allelic expression (AE) mapping for cis-regulatory variant discovery has been hindered by the requirements of having informative or heterozygous single nucleotide polymorphisms (SNPs) within genes in order to assign the allelic origin of each transcript. In this study we have developed an approach to systematically screen for heritable cis-variants in common human haplotypes across >1000 genes. In order to achieve the highest level of information per haplotype studied, we carried out allelic expression measurements by using both intronic and exonic SNPs in primary transcripts. We used a novel RNA pooling strategy in immortalized lymphoblastoid cell lines (LCLs) and primary human osteoblast cell lines (HObs) to allow for high-throughput AE. Screening hits from RNA pools were further validated by performing allelic expression mapping in individual samples. Our results indicate that >10% of expressed genes in human LCLs show genotype-linked AE. In addition, we have validated cis-acting variants in over 20 genes linked with common disease susceptibility in recent genome-wide studies. More generally, our results indicate that RNA pooling coupled with AE read-out by second generation sequencing or by other methods provides a high-throughput tool for cataloging the impact of common noncoding variants in the human genome.
High-density genome-wide association studies (GWAS) are generating unbiased lists of common variants altering complex disease risk. The disease-associated variants are localized in blocks of linkage disequilibrium (LD) that overlap known genes. Relatively few of the replicated GWAS hits to date, or variants in LD blocks, are known to involve protein-coding variation (The Wellcome Trust Case Control Consortium 2007; Barrett et al. 2008; BouatiaNaji et al. 2008; Hom et al. 2008; Willer et al. 2008) ; therefore, relevant causal polymorphisms may reside in regulatory regions and affect gene expression. The effects of polymorphisms in these cis-regulatory sequences are apparent through studies of gene expression variation within and between human populations (Morley et al. 2004; Cheung et al. 2005; Dixon et al. 2007; Goring et al. 2007; Stranger et al. 2007; Kwan et al. 2008; Schadt et al. 2008) . Functional single nucleotide polymorphisms (SNPs) affecting gene expression are not easily identifiable as they may reside in nonconserved sequences surrounding a gene (Burton et al. 2007 ). Identification of cis-acting SNPs has the potential of not only providing insight on how noncoding variants alter disease risk but may also provide further understanding of how regulatory elements control gene expression.
Reported frequencies of common human cis-variants underlying differences in gene expression at the transcript level in blood-derived immortalized or primary cells varies from 2% to over 6% (Goring et al. 2007; Stranger et al. 2007 ). Additional layers of regulatory variation involved in differential expression of isoforms, such as alternatively spliced or terminated transcripts, were shown to influence ∼1% of measured genes . Cis-regulatory differences can be alternatively measured by allelic expression (AE). AE controls for environmental and transacting influences by measuring the relative expression of alleles within a sample rather than between samples (Pastinen and Hudson 2004) . The AE patterns can be further mapped to cis-acting variants, provided that genotypes from these samples can be accurately phased Serre et al. 2008 ). This approach yields direct as opposed to inferred relationships between polymorphisms and cis-regulatory differences. AE also detects epigenetic effects such as imprinting or random monoallelic expression (Gimelbrant et al. 2007; Pollard et al. 2008) . To date, most allelic expression studies have used coding variants as marker SNPs to distinguish between the two alleles (Yan et al. 2002; Bray et al. 2003; Lo et al. 2003; Pant et al. 2006; Marioni et al. 2008; Pollard et al. 2008 ). This makes sampling inefficient since there are few informative SNPs per gene and this has limited the widespread use of allelic expression as a general tool to find heritable regulatory variation.
In this study, we use both unspliced primary transcripts as well as mRNAs as targets. This allows the use of SNPs both in coding and intronic regions to assess AE, which maximizes the information content per gene. Linkage disequilibrium (LD) between the causal variants and intragenic SNPs can lead to AE biased toward one allele. Secondly, we measured allelic expression in pooled DNA and RNA, which allows for the enrichment of heritable variation associated with a haplotype of interest (such as a disease-linked haplotype). Pooling of the samples is an efficient way to detect allelic expression based on differences in allele frequencies between the pools, which can then be subsequently validated and mapped in individual samples.
Results

Overall study
Although our aim was to develop a pipeline for screening and mapping allelic expression for genes that have been associated to complex traits in recent GWAS (n = 118) (Fig. 1) , this method was also used for genes found in the ENCODE regions (n = 108), disease candidate genes (n = 262), and genes nearby previously identified GWAS loci or randomly chosen genes (n = 616) as detailed in Supplemental Table 1 . For our primary discovery panel, we used RNA and DNA from Caucasian lymphoblastoid cells (CEU-LCLs) from the Human HapMap project (The International HapMap Consortium 2007) . To demonstrate the utility of the approach in less well-characterized cell panels and assess tissue specificity of allelic expression, we also used RNA and DNA pools derived from human bone cells (osteoblasts, or HObs) of Swedish origin . All assays were performed using normalized sequencing . To validate a subset of the genes showing allelic expression, we measured AE in individual samples (as opposed to a pooled sample), which allowed us to map AE to haplotypes . In addition, we demonstrated the utility of second generation sequencing technologies by applying an allele-counting method on a 454 Life Sciences (Roche) GS-FLX sequencer.
Pooling accuracy and cut-offs
In pilot experiments, we assessed the reproducibility of our pooling method for both gDNA and cDNA (RNA) pools. Due to our sample size and technical limitations in normalized Sanger sequencing for rare SNPs, we restricted the screening to common SNPs (minor allele frequency (MAF) Ն 0.1). The accuracy of the cDNA pooling was indirectly assessed by testing the same SNP in two independently derived cDNA pools from the same panel of individuals (cell culture, RNA isolation, and pooling were all , found in strong LD with the GWAS SNP, are used to assay for AE (rSNP, regulatory SNP). (C) Normalized allele ratio (log 10 ) graph demonstrating different scenarios. Strong allelic expression is found for Gene A using m 1 SNP that tests for the same haplotypes found for the GWAS SNP. Marker m 2 SNP shows borderline AE for the same gene (Gene A) and tests for a different pattern of haplotypes. No AE is found for Gene B using m 3 SNP as the gDNA, and cDNA ratios are not significantly different from each other. independent). Reproducible (r = 0.83) measurements of AE differences in independent pools (Supplemental Fig. 1 ) required consistency across triplicate measurements in individual pools (i.e., log mean normalized allele difference/standard deviation > 1.5) as well as greater than 1.25-fold difference between estimated allele frequencies in DNA and cDNA pools (i.e., log 10 allele ratio ⌬ > 0.097), which were subsequently used as cut-offs.
Allelic expression screening in pooled LCLs samples by normalized Sanger sequencing
We selected a total of 2532 SNPs in 1103 genes for screening in the LCL pools (Supplemental Table 2 ), of which 829 genes were successfully amplified by RT-PCR. After removing 210 SNPs that failed quality control either due to background sequence or failed sequencing in one of the RNA pools, 757 genes (1745 SNPs) were successfully assayed for pooled AE. We identified 388 SNPs in 258 genes showing pooled AE differences above the threshold (Supplemental Table 3 ). Thirty-four percent (89/258) of genes had at least two SNPs showing a significant difference in AE. Furthermore, of the AE SNPs occurring in the same transcript and in moderate LD (r 2 > 0.6) with one another, or if the same SNP was independently tested more than once, the same haplotypes were predicted to be overexpressed in all (47/47) cases. For the remaining 42 genes with multiple hits, incomplete or unknown LD between independent SNPs precluded the assessment of consistency. We further compared our results to the 56 genes found to be significantly AE in two recent studies Serre et al. 2008 ). We note that 26 genes were screened for AE and of these, 17/26 genes (65%) were found to be AE. The sensitivity increased to 81% (17/21) (Supplemental Table 11 ), if two or more SNPs were assayed for the same gene in the pooled screening. Examples of genes showing positive allelic expression in our pooled assays and with previous evidence of cis-regulatory variation include CHI3L2, SERPINB10, and BTN3A2 Cheung et al. 2005; Serre et al. 2008) .
Comparison between the use of intronic and exonic SNPs
The head-to-head comparison of the performance of intronic vs. exonic SNPs in allelic expression is complicated by the fact that one would need to rely on SNPs that have perfect proxies (i.e., belong to the same haplotype) in exons and introns. For this reason, we have analyzed pairs of SNPs that are in high LD (r 2 > 0.8) and mapped to an exon and an intron of the same transcript (Supplemental Table 15 ). We observe concordant data for 69% (34/49) of exonic and intronic pairs (r 2 > 0.8). Sixteen percent (8/49) have AE by intronic but not by exonic SNP, while the reverse was true for 15% (7/49) of the data. Furthermore, the use of both intronic and exonic SNPs has led us to the identification of 157 more genes that show AE than achievable if we had only used exonic SNPs. Only 101 genes would have been identified had intronic SNPs been excluded and if we had assayed other available exonic SNPs (r 2 > 0.8 with original intronic hit). In fact, only 23% of our hits are due to coding SNPs. A slight enrichment of exonic SNPs is seen among the AE hits as compared with intronic SNPs (20.2% vs. 14.2%). This data is consistent with our earlier observations showing that the increased informativity of transcripts when measuring intronic SNPs comes with some cost on assay success rates.
Validation of LCL pooling data by allelic expression mapping
Allelic expression mapping in phased individual samples is a direct approach for validation of heritable cis-effects Serre et al. 2008) , and this was used for following up on the screening hits found in the LCL pools. Altogether, we were able to validate significant AE for 72% of the SNPs (135/188 SNPs) or 64% (63/99 genes) of the genes subjected to allelic expression mapping in individual samples (Table 1; Supplemental Tables 4,  5, 8) . In most cases, multiple intragenic SNPs were used to derive individual AE calls as previously described 
AE genes found in the random ENCODE regions
We designed pooled AE assays for 108 of the 146 genes found in the random ENCODE regions in order to get an unbiased estimate of the prevalence of cis-regulatory variants in human genes expressed in LCLs (Supplemental Table 1 ). There were no common SNPs reported for 5% (7/146) of the genes and we could not design successful assays targeting the 5Ј haplotype for 21% (31/ 146) of the genes; therefore, these genes were not tested for AE. Sixty-five genes were successfully measured in the LCLs, and 19 showed screening evidence of AE. Of these, nine were validated by individual AE-mapping (Supplemental Table 4 ). This set (9/ 65) of validated LCL-expressed genes yields an estimate of 14% prevalence of common cis-regulatory haplotypes for human genes.
Coupling RNA pooling with digital allele counting on 454
GS-FLX
The second-generation sequencers, such as the 454 GS-FLX, allow single molecule amplification and allele counting, which can be used to measure allele frequency differences between nucleic acid pools of hundreds of targets. Therefore, we carried out a proof-of-principle experiment by using an allele-counting method in 300 previously assessed SNPs on a 454 GS-FLX sequencer. The allele-counting method allowed us to directly estimate the gDNA-pooling accuracy, since the exact expected allele frequencies of the gDNA pool for the HapMap CEU samples could be easily calculated (Fig. 3A) . On average, a 3% error rate across MAFs ranging from 0.1 to 0.5 was found (Fig. 3B ). The Pearson (r) correlation of allele difference estimation between the DNA and RNA pools and between normalized sequencing with consistent replicates and allele counting on the 454 GS-FLX was 0.77 (P < 2.2 ‫ן‬ 10 ‫61מ‬ ) ( Fig. 3C ; Supplemental Table 9 ).
Pooled allelic expression in human osteoblasts
In order to investigate the prevalence of AE in primary human cells, we tested a panel of 55 HObs. A total of 1460 SNPs in 685 genes were screened in the HOb pools (Supplemental Table 2 ). Of these, 498 genes were successfully amplified by RT-PCR, suggesting that 27% (187/685) of these genes are not expressed in the HObs. After removing 138 SNPs that failed quality control, 445 genes were successfully assayed for AE (Supplemental Table 6 ).
We identified 276 SNPs in 180 genes (40%) with evidence of AE, including 66 (37%) genes that had at least two SNPs showing a significant difference in allelic expression. AE mapping is less efficient in unrelated HObs as compared with LCL trios due to less efficient phasing; therefore, the validation testing was restricted to a subset of AE SNPs (n = 11 loci) in individual heterozygotes from our panel. Of the 10 new loci (STAT4 has been previously validated) (Sigurdsson et al. 2008 ) subjected to validation in individual samples, three loci reached significance individually in this test, six demonstrated overexpression of the expected allele, and one showed equal distribution of AE-calls. The total number of AE calls in HObs toward expected vs. opposite direction in this experiment was 41 vs. 6 (binomial test P = 8.9 ‫ן‬ 10 ‫8מ‬ ; Supplemental Table 7 ) providing strong evi- 
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Allelic expression comparison between LCLs and HObs
An analysis of the 685 genes screened in both the HObs and the LCLs revealed that 103 (15%) were only expressed in the LCLs, 84 (12%) were only expressed in the HObs, 414 (60%) were expressed in both, and 84 (12%) were not expressed in either cell type. Of the 586 genes that were successfully assessed for AE in both cell lines, significant AE was observed in 290 (49%) of the 586 genes, of which 28% are shared in both the HObs and the LCLs, 40% are LCL specific, and 32% of the genes are HOb specific (Supplemental Table 1 ). Approximately 70% of tissuerestricted AE occurs in genes where expression is detected in both tissues. In 36/46 (78%) genes where the same SNP yielded a positive screening hit, the AE was observed in the same direction between the tissues.
Gene network and pathway analysis for tissue-specific AE genes
In order to determine the biological involvement of tissuespecific AE genes and any potential enrichment of biologically relevant pathways, we performed a gene ontology analysis using the ingenuity pathways analysis (IPA) system (Supplemental Table 12 ). AE specific to LCLs enriches for genes associated with cancer, immunological, and reproductive-related gene networks. AE specific to HObs showed enrichment of cancer related networks but are different from the LCLs by showing enrichment of gene networks involved in connective tissue and musculoskeletal disease (Table 2; Supplemental Tables 13, 14) . Comparison of AE genes that are expressed in only one tissue but not in the other indicates that the LCL-only expressed genes are involved in t-cell receptor, natural killer cell, and interferon signaling pathways, while the HOb-only expressed genes are enriched in the FGF-, BMP-, and Wnt/␤-catenin signaling pathways (Table 3) .
Comparison between the normalized Sanger sequencing and the allele counting on the 454 GS-FLX
The mean and standard deviations from the known vs. measured gDNA allele frequencies were used to define cut-offs for calling AE from the 454 GS-FLX data (Supplemental Table 10 ). For both the LCLs and the HObs, converging results were observed in 71% of cases. In the nonconvergent cases, 11% were due to AE detection by the 454 and not by normalized Sanger sequencing, whereas 16% were due to AE detection by the normalized Sanger sequencing and not by the 454. In the remaining 2% of cases, the independent methods suggested overexpression of opposite alleles. We note that 454 GS-FLX allele counting in pools was carried out without replicates, so the "replicate consistency" rule applied on the normalized Sanger sequencing could not be used, which may have introduced a higher degree of sampling variability in the 454 data.
Comparison of allelic expression in LCLs and HObs to cis-eQTL data
For the CEU LCLs, we used the publicly available expression data (Stranger et al. 2007 ) to compare AE in RNA pools with cis-eQTL mapping. Of the 340 AE hits amenable to direct comparison, 
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25% of SNPs (84/340) had converging evidence for cis-regulatory variation (nominal P-value < 0.05 for eQTL association) (Table 4 ) and the same direction of effect was observed in 85% of convergent hits (Supplemental Table 3 ). In contrast, when we compared the non-AE screening SNPs, 13% of SNPs (98/776) had associated cis-eQTLs. Overall, there is a significant enrichment of cis-eSNPs with AE screening hits compared to non-AE hits ( 2 = 25.2, P < 10
‫5מ‬
). The AE SNPs were also compared with LCL cis-eQTLs identified using the Affymetrix exon array platform at both the gene and exonic level (GSE9372, Supplemental Table 6 ). For the HOb SNPs that were not among AE hits, only 9% of SNPs (14/153) showed significant cis-eQTLs from the HOb data set (significance for eQTL overlap with hits vs. non-hits, 2 = 5.1, P = 0.024).
Discussion
In this study, we present an approach to systematically screen for heritable cis-variants in hundreds of genes using cultured, immortalized lymphoblastoid cell lines (LCLs) or primary human osteoblast cell lines (HObs). Our two-stage approach measuring AE in primary transcripts allowed identification of cis-acting regulatory haplotypes in over 60 loci, most of which have not been observed in earlier AE studies using measurements of coding SNPs in individual samples (Pant et al. 2006; Gimelbrant et al. 2007; Bjornsson et al. 2008; Serre et al. 2008) . Our results in the primary cell panel show that the method can be extended to more complex samples. We were able to validate 64% (63/99) of the AE genes by performing mapping in individual samples, and the success rate was higher for genes that were assayed with at least two SNPs (75%) compared with genes with only one SNP (48%). This was also apparent when we compared our data with previously identified AE genes Serre et al. 2008) where our ability to detect AE increased from 65% to 81% when at least two SNPs were assayed per gene. Our comparison between the use of intronic SNPs vs. exonic SNPs revealed that in 69% of cases there was no difference in the calls for these SNPs. However, the increase in the number of AE genes (and haplotypes) that we were able to identify using intronic SNPs clearly demonstrates that they are a valuable resource.
A previous study using DNA pooling coupled with lowthroughput pyrosequencing (Lavebratt et al. 2004 ) showed a higher median error for allele frequency measurements in similarly sized DNA pools as compared with our results on high-throughput allele counting by 454 (4.9% vs. 2.9%). The same investigators suggested that increased pool size reduces error, particularly for common alleles. We speculate that accuracy of allele counting on the 454, coupled with increased RNA and DNA pool sizes, could improve the sensitivity and specificity of our approach. In addition, RNA sequencing directly from unamplified cDNA (Marioni et al. 2008 ) with deep sequencing of nuclear RNA pools (to enrich for primary transcripts) could rapidly provide a genome-wide catalog of cis-regulatory haplotypes across multiple cell types.
In comparison to cis-eSNP mapping, we observe a significant overlap with AE screening hits, but most variants (including validated screening hits) detected by one approach are not observed by the other. Similarly, cis-eSNP mapping on different platforms (Stranger et al. 2007; Kwan et al. 2008) targeting different parts of processed transcripts yield numerous associations not detected by one approach. In part, the apparent lack of overlap could be attributed to issues of statistical power and technical limitations of each method, but it is likely that a proportion of "approachspecific" variants are linked to true differences in processing of primary transcripts as well as confounding trans-acting effects . The detected and validated allelic expression for genes in the ENCODE random regions indicate that 14% of primary transcripts show genotype-dependent AE, which is likely an underestimate since we did not exhaustively tag common The 2 test was performed to assess significance of fold enrichment for concordance of cis-eQTLs between AE vs. non-AE SNPs in LCLs (P < 0.0001) and HObs (P = 0.025).
haplotypes overlapping the gene. Furthermore, our screening approach does not detect AE caused by variants unlinked to the primary transcript, which could account for up to one-third of cis-variants in Caucasian populations based on eQTL data (Emilsson et al. 2008) . Our validation approach, mapping of allelic expression , allows detection of distal cisvariants as well and could be applied directly if haplotypes of interest do not overlap the transcript.
Tissue specificity of allelic expression was recently highlighted in mice (Campbell et al. 2008) . Our AE screening data in LCLs and primary osteoblasts also implies that even for genes expressed in both tissues the same haplotypes (the osteoblast cohort is of Northern European origin similar to the origin of CEU LCLs) may exert different effects in ∼50% of cases. Furthermore, the overlap of AE hits (28%) between LCLs and HObs is almost identical to the eSNP overlap (30%) reported recently for complex human tissues (Schadt et al. 2008) . Based on these results it is apparent that the expansion of the number of cell types and tissues used in population genomic studies is critical for cataloging noncoding functional variation.
We have also observed an enrichment of AE in gene networks related with immunological disease in the LCLs and with musculoskeletal disease when HOb-specific AE hits are considered. These data, as well as previous studies, suggest benefits from analyzing cis-regulatory variation in appropriate disease tissues (Emilsson et al. 2008; Johnson et al. 2008 ). However, screening for AE in tissue samples is still challenging because of sample heterogeneity and sample degradation (Li et al. 2004; Hamilton et al. 2006) .
The follow-up of a subset of our AE screening hits by mapping cis-regulatory haplotypes in the cell panels have already yielded converging links between functional variants in LCLs or HObs with complex disease risk (Richards et al. 2008; Sigurdsson et al. 2008 ). In addition, we report 24 GWAS implied disease loci with cis-regulatory haplotypes falling into three categories where the disease-associated haplotype and regulatory haplotype are: (1) indistinguishable (e.g., TRAF1, ORMDL3, GSDMB, BLK, and TNFRSF11B), (2) partially overlapping, i.e., where the same alleles contribute to both the phenotype and the functional effect, but the top reported association does not coincide (e.g., INSIG2, IL23R, or IL2RA), (3) clearly distinct (e.g., TNFAIP3). In some cases, links between cis-eQTLs and the disease haplotype were made earlier, such as ORMDL3 and asthma . Our data confirms the cis-effect exerted by the disease-associated haplotype (Fig. 2) on ORMDL3, but uncovers a second strong functional effect of the same haplotype in cis-regulation of the GSDMB gene (Fig. 2) . In the case of the GSDMB gene, the asthmaassociated haplotype accounts for >90% of the allelic expression seen in CEU LCLs, and such strong size effects could be exploited in fine-mapping efforts. An example from the second category is provided by IL23R, where two regions of the gene have been associated with Crohn's disease risk (Barrett et al. 2008) . We observe a functional effect for the haplotypes overlapping the 5Ј disease-associated region, and the functional variants could assist in dissecting this locus further by conditional or regression-based association analysis. However, we acknowledge that connecting the dots between allelic expression and disease association requires extensive functional validation, but the allelic expression association provides plausible hypotheses for the characterization of common disease haplotypes.
In summary, we have shown the widespread association of common haplotypes with the allelic expression of primary transcripts using a new RNA pooling approach. Similarities and differences between our and traditional approaches for the identification of regulatory variants underscore the importance of multiple methods in assessing gene expression. Coupled with recent data linking common SNPs to interindividual variation in chromatin structure (Kerkel et al. 2008; Maynard et al. 2008) , this demonstrates the vast functional potential of noncoding variants and indicates the need for various approaches for population genomic dissection of common SNPs.
Methods
Cell culture
Lymphoblastic Cell Lines (LCLs): HapMap CEU immortalized LCLs from 60 unrelated individuals (The International HapMap Consortium 2005) were obtained from the Coriell Cell Repositories and were cultured as previously described Serre et al. 2008) . Five of the 60 LCLs were excluded due to consistent slow growth (GM12056, GM12236, GM12716, GM12717, and GM12875).
Human osteoblast cell lines (HObs): Human trabecular bone from the proximal femoral shaft was collected from 55 unrelated donors undergoing total hip replacement at the Uppsala University Hospital, Sweden. The primary cell culture was carried out as previously described .
RNA isolation/cDNA synthesis/DNA isolation Nucleic acids were extracted from the cells and quality control was carried out applying previously described methods Pollard et al. 2008) . For pooled analysis of intronic SNPs, we enriched the heteronuclear RNA in the cDNA preparation by using gene-specific reverse-transcription targeting intronic sequences downstream of the SNP of interest. Genespecific priming was carried out in pools of 200-400 SNPs in DNase I-treated total RNA samples using 0.1 uM concentration of each primer. For the validation of genes by allelic expression mapping in individual cell lines, we used standard random hexamer-based cDNA synthesis, thereby eliminating the potential biases introduced by gene-specific priming.
Gene and marker SNP selection
The genes and SNPs tested are listed in Supplemental Table 2 . For GWAS hit regions, the SNPs were selected based on maximal LD with the reported disease-associated SNPs. Additional SNPs tagging other haplotypes in these genes were also selected to increase informativity of the validation test by allelic expression mapping in individual samples. For genes found in the ENCODE random regions, the SNPs were targeted to the 5Ј haplotype blocks observed in CEU HapMap LCLs. SNPs in disease candidate genes and other genes without a priori information of phenotype associations were chosen to cover the most common haplotype blocks (in HapMap CEU).
Pooling of samples and allelic expression measurements by conventional, normalized sequencing For our primary discovery panel, two different pools, one cDNA and one gDNA, were made from the 55 LCL samples. For the initial pilot experiments, two cDNA LCL pools were constructed. For each of these pools, the cell culture, the RNA isolation, and the pooling were all performed independently of each other. The concentration of each DNA and RNA sample was measured on three independent occasions using a standard spectrophotometer and a Nanodrop ND-1000 (NanoDrop Technologies) to minimize sampling error. Each marker SNP was amplified by PCR using dilutions from pooled stock solutions as a template (10 ng/10 uL PCR reaction). PCRs and RT-PCRs performed in three to six replicates were verified by agarose gel electrophoresis and sequenced using ABI Big Dye chemistry and capillary electrophoresis on an ABI 3730 sequencer (Applied Biosystems). Allelic expression levels for each SNP were assessed following a previously published method . Allelic expression ratios for the RNA samples were calculated using the normalized heterozygote ratios from the genomic DNA originating from the same samples. The same methods were used for the 55 HOb samples.
Allele-counting by high-throughput parallel sequencing
Fusion primers including 5Ј extensions providing binding sites for the 454 Life Sciences Technology A and B primers were used. Similar to the normalized sequencing procedure described above, all SNPs were amplified by PCR using the pooled stock solution of cDNA and gDNA (LCLs or HObs) and were performed in triplicate. However, after amplification, each triplicate was pooled together and electrophoresed on an agarose gel for verification. Normalized quantities of 303 different PCR products were pooled to create RT-PCR and PCR product libraries. Both libraries were purified with a Montage PCR Centrifugal Filter Device from Millipore, and quantified using Quant-iT PicoGreen assay (Invitrogen). Dilutions of both libraries were then amplified by emulsion PCR using the GS emPCR Kit II (Roche) and subsequently sequenced in one direction on a GS-FLX instrument using two medium regions of a 70 ‫ן‬ 75 GSPicoTiterPlate, as previously described (Margulies et al. 2005) . The sequencing runs produced a total of 127,745 and 152,017 high-quality reads for the gDNA and cDNA SNP libraries, respectively. Mapping and alignment to the reference sequences was conducted by the Genome Sequencer FLX software version 1.1.02 (454 Life Sciences). The reads were filtered using the default FLX System software filters and primer sequences were trimmed from the ends of reads. The sequences were mapped to the target regions of the human reference genome (NCBI build 36.1) and pairwise aligned to the reference sequence using the GS Reference Mapper. Non-uniquely mapped reads were discarded. Multiple sequence alignments (MSAs) were constructed from the 454 pairwise alignments. For known SNPs, the frequency of each base in the specified column of the MSA was recorded.
Mapping of allelic expression associated SNPs in individual samples
Genes reported in GWAS were prioritized for validation. Similar to the normalized sequencing procedure described above, all intragenic SNPs used for validation were amplified by PCR, but using individual LCL samples that were known to be heterozygous for the marker SNP. Multiple SNPs were assayed for each gene in order to increase our power of detection and decrease our sampling variability. A list of the SNPs used for each locus is provided in Supplemental Table 8 . Allelic expression level mapping was carried out essentially as previously described Pastinen et al. 2005 ) with minor modifications (see Supplemental Methods for details). The population distribution of allelic expression in phased chromosomes was tested for association using a two-sided Fisher's exact test as previously described . Allelic expression association mapping results for validated hits are shown in Supplemental  Table 5 .
Comparison of AE and non-AE SNPs against Sanger and HOb cis-eQTLs
For all SNPs assayed for AE against a given gene, we examined whether there was a significant cis-eQTL from the association analysis of the publicly available LCL CEU expression data against the same SNP (Stranger et al. 2007 ). For each gene tested, we retrieved the corresponding gene expression data from the Sanger data set. Genotypes for the CEU population were obtained from the HapMap database (release 23a). The whole-genome expression data and genotype data for our panel of 98 human osteoblast samples were obtained using the Illumina Ref-8 and Hap550K platforms, respectively. Using each gene-SNP combination, we performed a linear regression analysis on the expression/genotype data, implemented in the PLINK software package. Raw P-values were obtained from the regression using the standard asymptotic t-statistic, as well as the direction of effect (overexpressed allele). The cis-eQTLs were considered significant when the nominal P < 0.05.
Gene network and pathway analysis
The AE genes from human LCLs and HObs were uploaded in the Ingenuity Pathway Analysis (IPA) system (Ingenuity Systems, www.ingenuity.com). Each gene identifier was mapped to its corresponding gene object in the Ingenuity Pathways Knowledge and then overlaid onto a global molecular network developed from information contained in the Ingenuity Pathways Knowledge Base. Networks and pathways of these "Focus Genes" were then algorithmically generated, based on their connectivity. The IPA system identified the biological functions that were most significant to each data set. Fisher's exact test was used to calculate a P-value determining the probability that each biological function assigned to the data set is due to chance only.
Canonical pathways analysis identified the pathways from the IPA library of canonical pathways that were most significant to the data set. The significance of the association between the data set and the canonical pathway was measured in two ways: (1) a ratio of the number of genes from the data set that map to the pathway divided by the total number of genes that map to the canonical pathway; (2) a Fisher's exact test was used to calculate a P-value determining the probability that the association between the genes in the data set and the canonical pathway is explained by chance alone.
